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Abstract
In population based cancer studies, cure is said to occur when the

mortality in the group of cancer patients returns to the same level
as that expected in the general population. The cure fraction is of
interest to patients and also a useful measure when analyzing trends
in cancer patient survival. Recently models have been introduced, so
called cure fraction models, that estimates the cure fraction as well as
the survival time distribution for those uncured. In this paper cure
fraction models are used to analyze time trends in patient survival for
colon, rectal and prostate cancer in Finland. Data from the Finnish
cancer registry are used. The aim is to evaluate the cure fraction mod-
els and compare these methods to other methods used to monitor time
trends in cancer patient survival. Although there are some problems
with the cure fractions models, they do give valuable information as
long as it is reasonable to assume cure. One of the bene�ts of these
methods compared to other methods is that the cure fraction is not
a�ected by lead time bias.
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1 INTRODUCTION 1

1 Introduction
1.1 Aim of the study
The purpose of this study is to analyze time trends in cancer patient survival.
The interest lies in survival after diagnosis of cancer, and how the survival has
changed over time. The focus lies on analyzing time trends using cure models.
This is done by applying cure models to real data from the Finnish cancer
registry. Recently developed methodology [1] and the new Stata commands
created by Paul Lambert [2] are used to estimate the cure fraction for three
types of cancer, cancer of the colon, rectum and prostate. The aim is to
evaluate in which cases the cure models work and when they do not, and to
see what kind of information about the survival can be obtained using cure
models that is not available using standard methods.

1.2 What is cancer
There are many di�erent types of cancer, all with di�erent symptoms and
prognosis. They all appear when cells in some part of the body start to
grow out of control. When normal cells divide there is a risk that the DNA
will be damaged. If the DNA is damaged the cell should die, but sometimes
it continues to grow and divide, and these new cells with damaged DNA
becomes a tumor. The tumor damages the surrounding tissue. Cancer cells
often travel to other parts of the body where they begin to grow and replace
normal tissue, this is called metastasis.

In Finland over 24 000 new cases of cancer were registered in 2003 [3].
Among men the most common cancer is prostate cancer (over 4 200 new
cases in 2003) and among women breast cancer (over 3 700 new cases in
2003). A common cancer among both men and women is colorectal cancer
with over 2 300 new cases in 2003. Although cancer treatment has improved,
more than 10 000 died of cancer in Finland in 2003, about 700 of prostate
cancer, 800 of breast cancer and 1 100 of colorectal cancer.

1.3 How to analyze trends in survival
An important way of analyzing the improvements in cancer treatment is to
look at time trends in cancer patient survival [4]. When analyzing time
trends in cancer patient survival the focus lies on estimating the change in
net survival. The net survival at a certain point in time is the proportion of
patients who would have survived up to that point if the cancer of interest
was the only possible cause of death. There are two ways to estimate the net
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survival, using cause-speci�c survival or relative survival. In cause-speci�c
survival the time from diagnosis until death from the cancer of interest is
studied and all individuals that die from something else are censored. A
big problem with this approach is that the cause of death registered for the
patients is not always reliable. In relative survival all deaths are considered
events and the whole mortality in the cancer group is compared to the mor-
tality in the general population to �nd the excess mortality due to the cancer
of interest. Relative survival is the method mostly used when analyzing can-
cer patient survival, and the most common estimate for the net survival is
the 5-year relative survival ratio (RSR). The 5-year RSR is an estimate of the
proportion of patients still alive after �ve years from diagnosis if the cancer
of interest was the only cause of death. For most types of cancer the 5-year
RSR has increased over the years, indicating that cancer treatment may have
improved.

A problem with the RSR is that it doesn't give an estimate of the propor-
tion cured from the cancer. Since more and more people are cured when the
cancer treatment improves a big interest lies in estimating the cure fraction.
Cure models have been introduced that estimate the cure fraction and the
survival for the uncured [1] [5] [6], but they have mostly been used in child-
hood cancer when other causes of death can be ignored [7]. Cure models have
still not attained wide use and a reason for this is probably that there hasn't
been user friendly software for cure model applications. Recently software
has been introduced for cure models [2] and that will probably make cure
models more common when analyzing cancer patient survival.

2 Methods
2.1 Cancer registries
Many countries today have population-based cancer registries. Their task
is to collect and store information on all cases of cancer in a country and
produce statistics of the incidence of cancer and the survival of cancer pa-
tients. They play an important role in analyzing the impact of cancer in the
community. In Finland, as well as the other nordic countries, it is been com-
pulsory by law to notify the registry of all new cancer cases and it has been so
for at least 40 years. The Finnish cancer registry contains data on virtually
all cancers diagnosed since 1953 and the completeness of registration is over
99% [8]. The registry holds data about the patient as age at diagnosis, sex
and birthdate as well as information about the tumor, anatomical location,
histology, stage and basis of registration. The underlying cause of death
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is recorded for all cases, using death certi�cate information from Statistics
Finland.

2.2 Cause-speci�c survival
There are three commonly reported outcome measures estimated from can-
cer registry data, incidence, mortality and survival. Cancer incidence is an
important measure of the cancer burden. Cancer mortality provides another
measure of the cancer burden, as well as a way of analyzing improvements
in cancer treatment. Even though cancer mortality data is an interesting
measure it doesn't include people that are cured of the cancer, which is im-
portant in these kind of studies. Cancer mortality also re�ects changes in
cancer incidence. Improvements in diagnostic and treatment facilities are
best monitored using survival proportions. The survival time for a cancer
patient is de�ned as the time between diagnosis and death and is the principal
measure of the e�ectiveness of cancer care.

Survival analysis is used to study the time to occurrence of some event
of interest. In cancer patient survival that refers to time from diagnosis of
cancer until death. For cause-speci�c survival analysis the event of interest is
death due to cancer. In survival analysis there are four important functions
to describe T , the time until the event of interest. These are the survival
function, hazard function, probability density function and the cumulative
distribution function. If one of these functions is known, the other three can
be uniquely determined. The survival function is de�ned as

S(t) = P (T > t) (1)

and that gives the cumulative distribution function as

F (t) = P (T ≤ t) = 1− S(t). (2)

In other words the survival function gives the probability that an individual
experiences the event after time t. The probability density function is de�ned
as

f(t) =
d

dt
F (t). (3)

The hazard function can be interpreted as the risk of an event immediate
after time t conditional on surviving up until time t, and it is de�ned as

h(t) = lim
∆t→0

P (t ≤ T < t + ∆t|T ≥ t)

∆t
. (4)
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If T is a continuous variable it holds that

h(t) =
f(t)

S(t)
=
−d

dt
ln S(t). (5)

In cause-speci�c cancer patient survival analysis the event of interest is
death due to cancer. Sometimes it is impossible to follow all observations
until the event of interest happens, this is the case when a patient dies of
something other than the cancer or when a patient emigrates. We then say
that the survival time is censored at the last date of follow-up. There are
di�erent types of censoring, but in population-based cancer patient survival
right-censoring is most common. For right-censored data all that is known
about the event of interest is that it hasn't yet occurred at a certain point.
Other than the two reasons already mentioned right-censoring also occurs
when a patient is still alive at the end of the follow-up period.

A problem frequently encountered in analyzing survival data is that of
adjusting the survival function to account for some explanatory variables
also called covariates. These covariates could be age, sex, treatment, disease
status and much more. It is often of interest to ascertain the relationship
between the failure time, T, and one or more of the covariates. To do this
we need a regression model, and the most common regression model used in
survival analysis is the Cox proportional hazards model. Consider the data
(Tj, δj,Zj), j = 1, ..., n, where Tj is the time under study for observation j,
δj is a censoring indicator telling whether observation j was censored or if it
experienced the event, and Zj is the covariate vector for observation j. Let
h(t|Z) be the hazard rate at time t for an observation with covariate vector
Z. The model that Cox introduced is

h(t|Z) = h0(t) exp(β′Z) (6)

where h0(t) is a baseline hazard function, the hazard function for an obser-
vation with all covariates at the baseline level. This is called a proportional
hazards model since the hazard rates of two individuals with distinct values
of Z are proportional. Consider two individuals with covariate values Z1 and
Z2. We have

h(t|Z1)

h(t|Z2)
=

h0(t) exp(β′Z1)

h0(t) exp(β′Z2)
=

exp(β′Z1)

exp(β′Z2)
(7)

which is a constant independent of time. Assuming proportional hazards
for population-based cancer registry data is usually not appropriate, since
that indicates that the di�erence in mortality for di�erent subgroups is equal
no matter how many years from diagnosis you are. For cancer mortality
most di�erences between subgroups are in short-term survival, once you have
survived past a certain point the di�erences are smaller.
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2.3 Relative survival
Relative survival has become the method of choice for estimating cancer pa-
tient survival using population-based cancer registries. Relative survival is
the observed survival among the cancer patients (when all deaths are con-
sidered as events) divided by the expected survival in a comparable group
of the general population. The expected survival is usually estimated from
nationwide population life tables strati�ed by age, sex and calendar time.
Even though these tables include the mortality from the cancer of interest,
it has been shown [9] that this doesn't e�ect the estimations in practice.
When analyzing data from a population-based registry, cause of death is
not always reliable or available. The advantage of relative survival instead of
cause-speci�c survival (where only deaths from the cancer of interest are con-
sidered events and all other deaths are censored) is that cause of death is not
needed. This information is not always available and if it is it's not always
reliable. It is not always easy to determine if the death of a cancer patient is
from the cancer of interest or not (for example death from treatment compli-
cations, suicide), and this is a problem with cause-speci�c survival. Another
advantage of relative survival is that all excess mortality experienced by the
cancer patients is estimated, whether it is directly or indirectly due to the
cancer.

2.3.1 Estimating expected survival
Expected survival can be thought of as being calculated for a cohort of pa-
tients from the general population matched by age, sex and calendar period.
There are three di�erent methods for estimating the expected survival, with
the di�erences between them being how long each individual is considered
to be `at risk' for the purpose of estimating expected survival. In practice
there are small di�erences between the methods, and in most cases they give
similar results. The three methods are called Ederer I, Ederer II and the
Hakulinen method.

In the Ederer I method [9] the matched individuals are considered to be
at risk inde�nitely. The time at which a cancer patient dies or is censored
has no e�ect on the expected survival. Under this method, the cumulative
expected survival proportion from the date of diagnosis to the end of the ith
interval is given by

1p
∗
i =

l1∑

h=1

1p
∗
i (h)/l1, (8)

where l1 is the total number of patients alive at the start of follow-up and
1p
∗
i (h) is the expected probability of surviving to the end of the ith interval
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for a person in the general population, similar to the hth patient alive at the
beginning of follow-up with respect to age, sex and calendar time, given by

1p
∗
i (h) =

i∏
j=1

p∗j(h). (9)

where p∗j(h) is the expected survival probability for the hth patient in the
jth interval. That is, the expected 5-year survival proportion is estimated as
the average of the expected 5-year survival probabilities for every individual
in the life table. Ederer I usually overestimates the relative survival ratio
since the method does not allow for the fact that the potential follow-up
times of the patients are of unequal length [10]. The estimate of expected
survival itself is unbiased but Ederer I results in biased estimates of the
relative survival ratio since the observed survival is biased.

The Ederer II method [11] allows for heterogeneous observed follow-up
times, and is therefore a more reasonable estimate than the Ederer I method.
It estimates interval-speci�c expected survival proportions for each interval,
based on those patients alive at the start of the interval. The cumulative
expected survival is then estimated as the product of the interval-speci�c
survival proportions. The cumulative expected survival is given by

1p
∗
i =

i∏
j=1

p∗j2, (10)

where

p∗j2 =

lj∑

h=1

p∗j(h)/lj (11)

is the average of the annual expected survival probabilities p∗j(h) of the pa-
tients alive at the start of the jth interval. The Ederer II method also gives
a biased estimate of (usually underestimates) the relative survival ratio [10].
Because the expected survival for an interval depends on the mortality in the
preceding interval the cumulative expected survival depends on the fatality
of the disease in preceding intervals.

The Hakulinen method was proposed to get an unbiased estimate of the
relative survival ratio [10]. It creates a biased estimate of the expected rel-
ative survival, but the bias is similar to the bias of the observed survival
proportion and therefore the biases cancel each other out and results in an
unbiased estimate. If the survival time of a cancer patient is censored so
is the survival time of the matched individual, but if a cancer patient dies
the matched individual remains `at risk' until the end of the study. For the
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interested reader the mathematical details for the method are given in the
appendix.

These three methods all give similar estimates for follow-up times up to
10 years, but for longer follow-up the Hakulinen method is slightly better. If
the estimates are done separately for di�erent age groups the methods give
similar results even for follow-up beyond 10 years. When modelling it doesn't
matter what method is used, but in practice Ederer II estimates are usually
used.

2.3.2 Interpretation of relative survival
The relative survival ratio (RSR) is de�ned as the observed survival divided
by the expected survival. The cumulative relative survival ratio at time t,
1ri, is calculated as the observed survival proportion at time t, 1pi, divided
by the expected survival proportion at time t, 1p

∗
i .

1ri = 1pi/1p
∗
i (12)

It can be interpreted as the proportion of patients still alive after i years of
follow-up if the cancer of interest was the only possible cause of death. This
is a useful measure for showing the cumulative probability of surviving up
to a given time. An often used measure of cancer patient survival is the 5-
year cumulative RSR. Another useful measure is the interval-speci�c relative
survival ratio, that describes the RSR in speci�c intervals from follow-up
(usually annual intervals). For most cancers a plot of the cumulative RSR will
�atten out after some time from diagnosis, this is when the interval-speci�c
RSR is equal to one. This indicates that the mortality in the patient group
is the same as the mortality in the general population and they experience
no excess mortality. This point is called the cure point and the patients still
alive are considered statistically cured. This does not mean, however, that
the patients are actually medically cured. Statistical cure applies at a group
level, when the mortality is the same as in the general population, and there
might be individuals that are not medically cured.

For some cancers the patients continue to experience excess mortality
and the interval-speci�c RSR never becomes one (and the cumulative RSR
doesn't �atten out), this can be because of excess mortality due to the cancer
or due to other causes. For smoking-related cancers the cancer patients
experience excess mortality because of the cancer and other conditions caused
by smoking. The interval-speci�c RSR can also level out at a value greater
than one. This may happen when deaths have been missing in the follow-up
process, but it might also be explained by the `healthy patient e�ect', these
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Figure 1: Hypothetical cumulative relative survival curve where the esti-
mated cure fraction is 0.4.

patients experience lower mortality than the general population because of
having greater than average contact with the health system.

One problem with only looking at the RSR is that all or a part of the
improvement might be due to lead-time bias. When new techniques are
introduced to �nd the cancer in an earlier stage the patient will live longer
with the cancer diagnose even if the death occur at the same time, this will
increase the RSR at di�erent time points. The time between the diagnosis
because the new method (early diagnosis) and the time when the cancer
would have been detected without the new method (clinical diagnosis) is
called the lead-time.

Looking at the RSR for di�erent groups of patients (for example di�erent
age groups) can be interesting but there is no way of looking at one factor
while controlling for others. This can be done when modelling excess mortal-
ity. The exponentiated parameters estimates are interpreted as excess hazard
ratios or relative excess risks. The interpretation is much alike cause-speci�c
survival such as the Cox-model, the only di�erence being that it estimates
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Symptoms Death

Time

Early
diagnosis

Clinical
diagnosis

Postponed
death

Onset Detectability

DETECTABLE
PRECLINICAL

PHASE

LEAD
TIME

SURVIVAL
TIME

SURVIVAL
TIME

Figure 2: The concept of lead-time.

excess hazard ratios. For example, an excess hazard of 1.5 for males com-
pared to females means that males experience a 50% higher excess hazard
due to the cancer than females. The estimates from cause-speci�c survival
and relative survival should be similar since both methods describe the same
thing, the net survival.

2.3.3 Modelling excess mortality
The relative survival model can be written as

S(t|Z) = S∗(t|Z)× r(t|Z), (13)

where S(t|Z), S∗(|Z) and r(t|Z) are cumulative observed, expected and rel-
ative survival, t is time since diagnosis and Z is the covariate vector. The
overall observed survival is the expected survival in a comparable group in the
general population (with respect to age and sex), times the relative survival.
Or in other words the relative survival is the ratio between the observed sur-
vival in the cancer patient group and the expected survival. The mortality
associated with relative survival is excess mortality. The hazard for a per-
son diagnosed with cancer is modelled as the sum of the expected hazard,
h∗(t|Z), and the excess hazard due to the cancer, ν(t|Z). That is,

h(t|Z) = h∗(t|Z) + ν(t|Z). (14)

Although time is a continuous variable, it is common to assume piecewise con-
stant hazards, meaning that the hazards are assumed to be constant within
pre-speci�ed subintervals of follow-up time. This is done by splitting the
follow-up time into bands that correspond to life table intervals. Typically
of length one year, but it is possible to use shorter intervals especially in
the beginning of follow-up where most of the excess mortality is. Indicator
variables for each of the intervals (except the reference interval) is made and
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incorporated into the covariate matrix. The extended covariate matrix in-
cluding the interval variables is called X. The interest lies in modelling the
excess hazard component, ν, which is assumed to be a multiplicative function
of the covariates, written as exp(Xβ). The basic relative survival model is
then written as

h(X) = h∗(X) + exp(Xβ). (15)
This means that the parameters representing the e�ect in each follow-up
interval are estimated and interpreted in the same way as all the other pa-
rameters, for example sex and age. This model assumes proportional excess
hazards, but non-proportional excess hazards can be modelled by including
time by covariate interactions in the model.

There are di�erent approaches for how to estimate the model in equation
15. They all give similar estimates, and therefore only one will be explained
here. (For information about the other methods see [12]). The method used
is modelling excess mortality using Poisson regression. The relative survival
model assumes piecewise constant hazards which implies a Poisson process
[13] for the number of deaths in each interval. Since the Poisson distribution
belongs to the exponential family [14] the relative survival model can then
be estimated in the framework of generalized linear models using a Poisson
assumption for the observed number of deaths. Equation 15 is then written
as

µj/yj = d∗j/yj + exp(Xβ) (16)
where d∗j is the expected and dj is the observed number of deaths for obser-
vation j and dj ∼ (Poisson)(µj) where µj = λjyj and yj is person-time at
risk for the observation. Equation 16 can also be written as

ln(µj − d∗j) = ln(yj) + Xβ. (17)

This implies a generalized linear model with outcome dj, Poisson error struc-
ture, link ln(µj − d∗j) and o�set ln(yj). The observations can be life table
intervals, individual patients or subject-bands. If all individual observations
are split into separate observations for each band of follow-up these new ob-
servations are called subject-bands. For example, a person who dies after
2.5 years after diagnosis becomes three observations, the �rst and second
with time at risk y = 1 and censoring indicator (tells if the observation is
censored or if it is a case) d = 0, and the third observation with y = 0.5
and d = 1. The advantage of the Poisson regression approach is that since
it is a generalized linear model we have regression diagnostics and can assess
goodness-of-�t. Another advantage is that good software is available [15].
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2.4 Cure Models
Recently new methods have been introduced to estimate the cure fraction
(the proportion of patients being cured of the cancer). These new methods
extend the earlier cure fraction models to incorporate the ideas of relative
survival. The cure fraction is of big interest to patients and is a useful measure
when looking at trends in cancer patient survival (See section 2.4.4). Cure
models estimate both the cure fraction and the survival function for the
uncured. The two most common cure models are the Mixture model and the
Non-mixture model.

2.4.1 The Mixture cure fraction model
The mixture cure fraction model [1] assumes that a proportion, π, of the
patients will be cured and are not at risk of experiencing the event. The
other proportion, 1−π, are the uncured and these people will experience the
event, in the absence of censoring, and their survival function will therefore
tend to zero. The mixture cure fraction model can be written as,

S(t) = π + (1− π)Su(t) (18)

where Su(t) is the survival function for the uncured. Equation 18 can be
extended to include relative survival. In that case the overall (all-cause)
survival for the patient group is written as,

S(t) = S∗(t)(π + (1− π)Su(t)) (19)

where S∗(t) is the expected survival. Similarly the overall (all-cause) hazard
is the sum of the background mortality rate and the excess mortality rate
associated with the cancer of interest

h(t) = h∗(t) +
(1− π)fu(t)

π + (1− π)Su(t)
(20)

where h∗(t) is the expected mortality rate and fu(t) is the density function
associated with Su(t). For survival models the log-likelihood contribution for
the ith subject with survival/censoring time ti and censoring indicator di can
be de�ned as

ln Li = di ln(h(ti)) + ln(S(ti)). (21)
In terms of relative survival equation (21) becomes

ln Li = di ln

(
h∗(ti) +

(1− π)fu(ti)

π + (1− π)Su(ti)

)
+ln(S∗(ti))+ln(π+(1−π)Su(ti)).

(22)
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S∗(t) is independent from the model parameters and can be removed. Since
h∗(ti) is assumed to be known the likelihood can be simply de�ned for any
standard distribution given the density function, fu(t), and the survival func-
tion, Su(t), for the uncured group.

2.4.2 The Non-mixture cure fraction model
The second type of cure fraction model is the non-mixture cure fraction model
[1], which de�nes an asymptote for the cumulative hazard, and hence for the
cure fraction. The non-mixture model assumes that after treatment a patient
is left with Ni `metastatic-component' cancer cells, i.e. a tumor cell that has
the potential of metastasizing. Ni is assumed to have a Poisson distribution
with mean θ. That gives the cure fraction as P(θ = 0). When θ is not
equal to 0, let Zj denote the time for the jth `metastatic-component' cell to
produce a metastatic tumor with distribution function FZ(t) = 1 − SZ(t).
The survival function can be written

S(t) = πFZ(t) (23)

or equivalently
S(t) = exp(ln(π)FZ(t)). (24)

The hazard function is
h(t) = − ln(π)fZ(t) (25)

where fZ(t) is a probability density function for FZ(t). To enable relative
survival cure models to be �tted the overall survival can be expressed as the
product of the expected survival and disease related (relative) survival

S(t) = S∗(t)πFZ(t) (26)

or equivalently
S(t) = S∗(t) exp(ln(π)− ln(π)SZ(t)) (27)

and the overall hazard rate as

h(t) = h∗(t)− ln(π)fZ(t). (28)

Equation 27 can be rewritten as

S(t) = S∗(t)
(

π + (1− π)

(
πFZ(t) − π

1− π

))
(29)

which is a mixture model and thus the survival distribution of the uncured
patients can also be obtained from a non-mixture model by a simple trans-
formation of the model parameters. The log-likelihood contribution for the
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ith subject with survival/censoring time ti and censoring indicator di is for
the non-mixture model written as

ln L = di ln(h∗(ti)− ln(πi)fZ(ti)) + ln(S∗(ti)) + (ln(πi)− ln(πi)SZ(ti)). (30)

As for the mixture model the likelihood can be simply de�ned for any given
standard parametric distribution given f(t) and S(t). If the parameters in
fZ(t) do not vary by covariates equation (25) is a proportional hazards model.
This is an advantage of the non-mixture model over the mixture model, as
the mixture model does not have a proportional hazards model for the whole
group as a special case.

2.4.3 The parametric distribution and link function
There are many distribution functions to choose from, for example Weibull,
gamma or lognormal. Here the Weibull distribution will be used because
of its �exibility. The Weibull distribution allows a monotonic increasing or
decreasing mortality for the uncured group for the mixture model and either a
monotonic decreasing or a positively skewed excess mortality rate in the non-
mixture model. The probability density function for the Weibull distribution
is

f(t) = γλtγ−1 exp(−λtγ) (31)
and the survival function

S(t) = exp(−λtγ) (32)

The scale and shape parameters, λ and γ, can be modelled as a function of
covariates or as a constant. If λ and γ are not modelled this implies that the
survival of the `uncured' does not vary by covariates, meaning that all the
di�erent subgroups have the same survival for the `uncured', which does not
seem likely. If λ but not γ is modelled this allows di�erences in the survival
for the di�erent subgroups, but that these di�erences are proportional over
time, and this is usually not the case for population-based cancer registry
data. (See chapter 2.2) In most cases it is best to let both γ and λ vary by
covariates.

The cure fraction, π, can vary by covariates and this dependence can be
modelled using di�erent link functions with advantages in di�erent situations.
If the covariates matrix is called X the link functions are

1. the identity link, πi = β′X. The covariate e�ects are in units of the
cure fraction, and are therefore easy to interpret.
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2. the logistic link, log(πi/(1−πi)) = β′X. Covariate e�ects are expressed
as (log) odds ratios, and interpreted in a similar way as in logistic
regression.

3. the complementary log log link, log(− log(πi)) = β′X. It is useful
for the non-mixture model as the covariate e�ects are expressed as
(log) excess hazard ratios if the parameters within the distribution
function do not vary by covariates (if proportional excess hazards can
be assumed).

0
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f

0 1 2 3 4 5
x

gamma=0.5 lambda=0.5 gamma=0.5 lambda=1
gamma=2 lambda=1 gamma=2 lambda=2

Figure 3: Examples of probability density functions for the Weibull distribu-
tion.

2.4.4 Interpretation of cure models
When using cure models to analyze time trends in cancer patient survival
both information about the cure fraction and the survival distribution for
the uncured is obtained. When looking at changes in both these estimates
(usually the cure fraction and median survival time for the uncured) a lot
more can be understood about the change in survival than by looking at
only for example 5-year RSR. Four di�erent types of improved survival can
be seen, improvement in both the median survival time and the cure fraction
(a), improvement in the cure fraction but decreasing median survival time
(b), increasing median survival time but no change in the cure fraction (c),
or increased cure fraction but unchanged median survival time (d).
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Figure 4: Examples of survival functions for the Weibull distribution.

A scenario leading to (d) could be that a new diagnostic procedure is in-
troduced for some cancer and therefore more cancer patients will be detected.
These patients will probably have a cancer in an early stage and belong to the
`cured group' making the cure fraction go up, but no change in the median
survival time for the uncured would be seen. For some cancer types better
treatments have led to longer survival for the patients but there is still no
good treatment to cure the cancer, in that case the survival would change like
(c). If more patients with relatively good prognosis are being cured, leaving
the patients with worse prognosis in the uncured group, the cure fraction
will go up due to more people being cured and the median survival time will
go down due to the selection of people to the `cured group', this is seen as
(b). Finally, if improved treatment lead to cure for some patients and longer
survival for the others the survival would change as seen in (a). In real world,
a lot of things simultaneously change the survival and interpreting this needs
to be done with care.

Although the biological de�nitions of the mixture and the non-mixture
models are not strictly appropriate in population-based cancer studies the
models can be considered as useful mathematical tools as long as it is rea-
sonable to assume cure.
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Figure 5: Hypothetical changes in the cure fraction and median survival of
the uncured between two periods of diagnosis.

3 Results
3.1 Colon Cancer
This study includes all patients diagnosed with colon adenocarcinoma be-
tween 1953 and 2003 in Finland, and the follow-up time is until the end of
2004. After excluding all the death certi�cate only (DCO) and autopsy only
observations, since they have zero survival time, 34 664 observations were
left. These were divided into 5 age groups, less than 50 years (age group 1) ,
50-59 years (age group 2), 60-69 years (age group 3), 70-79 years (age group
4) , 80 years and over (age group 5). In these age groups there were 2 903,
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4 439, 8 763, 11 647 and 6 912 observations respectively. The analysis was
done separately for the age groups to see if the improvements in survival over
time were di�erent for di�erent age groups. All analysis was performed in
Stata and for calculating expected survival the EdererII method was used.
In order to model a non-linear relationship between the survival and the year
of diagnosis restricted cubic splines were used. Graphs over the change in
5-year relative survival ratio (RSR) for di�erent age groups are presented
(�g. 6). For all age groups the 5-year RSR has increased a lot over time, and
is now over 50%.

Figure 6: Changes in the 5-year relative survival ratio for colon cancer.

Cure modelling was carried out using both the mixture and non-mixture
cure fraction model. Both methods gave similar results and only the results
from the mixture model is presented here. After �tting cure models to the
data without modelling covariates the results were compared to EdererII
estimates to see if the cure models provided a good �t to the data (�g. 7).

For the oldest age group cure models don't seem to give a good �t, and
this age group was not analyzed further. For age group 4 it is not a perfect
�t, but it is acceptable.
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Figure 7: Comparison between cure models and life tables estimates for colon
cancer.

Models that let the cure fraction, π, and one or two of the Weibull-
parameters, λ and γ, vary over time at diagnosis were �tted. Likelihood-ratio
tests were used to test which models �tted the data best. For all age groups
analyzed the model where all three parameters could vary over time was best
(p<0.05). Using those models graphs were made that show the changes in the
cure fraction and the median survival time (�g. 8). When looking at these
graphs it is important not to pay too much attention to what's happening
after 1999, since patients diagnosed after that have a short follow-up period.

For the youngest age group the cure fraction starts at about 35% and is
about 50% in the end. Most improvement is observed between early 1970s
and mid 1980s. For the second age group the cure fraction starts at 20%
and goes up to above 50%, with almost a linear e�ect until the beginning of
the 1990s when it �attens out. The improvement is approximately linear for
the third age group and goes from 15% to above 50%. The improvement for
the fourth age group is the biggest, from below 15% to above 50%. In the
beginning there are big di�erences in the cure fraction for the di�erent age
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Figure 8: Changes in the cure fraction and median survival time for the
uncured for colon cancer.

groups, with higher cure fraction for younger patients, but these di�erences
get smaller and at the end the cure fraction is similar for all ages (even a
slightly lower cure fraction for the youngest group).

The median survival time has increased for all ages. Younger patients
have longer median survival time during the whole period. For the youngest
the median survival time goes from 0.5 years to more than 1.5 years. The
median survival time for the second age group goes from 0.4 to below 1.5
years. For age group 3 it goes from 0.4 years to 1.3 years, most improvement
from mid 1960s until late 1970s and from mid 1990s. For the fourth group
median survival time starts at 0.3 years and ends at 0.8 years, with most
improvement from mid 1960s until late 1970s.

3.2 Rectal Cancer
The analysis was carried out as for colon cancer, with the same study period
and the same exclusion criteria. 26 239 observations of rectal cancer were
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divided into the same age groups as for colon cancer with 1 798 in age group
1, 3 979 in age group 2, 7 442 in age group 3, 8 664 in age group 4 and
4 356 observations in age group 5. Graphs over the change in 5-year RSR for
di�erent age groups are presented (�g. 9). There is much random variation
but it is easy to see that the 5-year RSR has increased for all ages, and is
now around 60% for the two youngest groups more than 50% for group 3 and
4 and 40% for the oldest.

Figure 9: Changes in the 5-year relative survival ratio for rectal cancer.

As for colon cancer graphs to compare the cure models and the EdererII
estimates were made, and they showed that cure models don't give a good
�t for the oldest group and that group was not analyzed further (�g. 10).

For all age groups analyzed the best cure models were the models where
all three parameters could vary over time (p<0.05). Using those models
graphs were made that show the changes in the cure fraction and the median
survival time (�g. 11). Again, no conclusions should be drawn about what's
happening after 1999, since there is not enough follow-up time for these
patients. The results are very similar for the mixture and non-mixture models
and therefore only results from the mixture model are presented.
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Figure 10: Comparison between cure models and life tables estimates for
rectal cancer.

The cure fraction for the youngest group goes from more than 20% to
almost 60%. It is an almost linear improvement until the beginning of the
1990s where the cure fraction increases more rapidly. For the second age
group the cure fraction starts over 20% and ends at 55%. The improvement
is between mid 1960s until the beginning of the 1980s and from the beginning
of the 1990s, during the 1980s it even seems to be a small decrease in the
cure fraction. For age group three the cure fraction goes from about 18%
to 50%, during the 1980s there are no changes in the cure fraction. For the
70-79 years old, the cure fraction starts at about 13% and ends just below
50%, smallest improvement during the 1980s. For all ages the cure fraction
seems to be more or less unchanged during the 1980s, and the improvements
are before and after this period.

The median survival time for the `uncured' in the youngest age group
starts below 1 year and goes to 2.1 years 1990 and then decreases and is 1.8
years at the end. For the second age group the median survival time starts
at 0.9 years and goes up to 2 years at 1990 where it decreases and ends at 1.9
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Figure 11: Changes in the cure fraction and median survival time for the
uncured for rectal cancer.

years. There is an approximately linear decrease for the third age group from
0.8 to 1.8 years. The median survival time for the `uncured' in the fourth age
group starts at 0.6 years and is about 1.4 years in 1990 but goes down to 1.3
years. For all age groups except age group 3 the median survival time goes
down in the beginning of the 1990s, and during that period the cure fraction
goes up for all age groups, indicating scenario b) in Figure 5.

3.3 Prostate Cancer
As for cancer of the colon and rectum the observations of prostate cancer
between 1953 and 2003 (with follow-up until 2004) in Finland were divided
in to 5 age groups. In age group 1 there were 357 observations, in the second
age group there were 4 769 observations, in the third age group 18 519, in
the fourth age group 26 070 and in the �fth age group 11 738 observations,
which gives a total of 61 453 observations. Graphs over the change in 5-year
RSR for di�erent age groups are presented (�g. 12). There is much random
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variation especially for the �rst age group with very few observations. For
the other groups there has been improvements and the 5-year RSR is now
around 80% for group 2, 3 and 4, and about 70% for age group 5.

Figure 12: Changes in the 5-year relative survival ratio for prostate cancer.

As for colon and rectal cancer graphs to compare the cure models and the
EdererII estimates were made (�g. 13). Even though the EdererII estimates
are similar to the estimated survival function for some of the age groups
it can be seen that a cure point is not reached even within 15 years from
diagnosis. The cure fraction is estimated from a point beyond 15 years and
because there are very few observations at that time it is unlikely that this
gives good estimates. The di�erences between the mixture and non-mixture
cure models are much bigger than for colon and rectal cancer showing that
there are di�erences between the methods when the data don't reach a cure
point. Since statistical cure can not be assumed for prostate cancer, it should
not be analyzed using cure models and is not analyzed further here.
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Figure 13: Comparison between cure models and life tables estimates for
prostate cancer.

4 Discussion
I have used cure models to analyze trends in survival for colon, rectal and
prostate cancer patients in Finland between 1953 and 2003. The purpose
was to analyze the importance of these new methods for monitoring trends
in cancer patient survival. The results show that there has been a clear
improvement in survival, and this is seen both by looking at the 5-year RSR
and by looking at the results from the cure modelling. For colon and rectal
cancer the 5-year RSR is now about 50% for all age groups, to be compared
to 10-20% in the beginning of the study period. The cure fraction for colon
cancer is now around 50% for all age groups, in the beginning the cure fraction
ranged from 15-35% with higher cure fraction for younger patients. For rectal
cancer the cure fraction is now about 50-60%, a somewhat better prognosis
for younger patients, in comparison to 13-20% in the beginning of the study
period. The di�erences in cure between the age groups seem to decrease,
especially for colon cancer, and this is probably due to the fact that the
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age at which surgeons are prepared to operate has increased over time. The
survival for the `uncured' is still di�erent for the age groups, roughly speaking
with longer survival for younger patients. The median survival time for the
`uncured' goes for colon cancer from 0.3-0.5 years to 0.8-1.5 years. For rectal
cancer it goes from 0.6-1 years to 1.3 to 1.9 years. For colon cancer the
improvements in the cure fraction have been fairly constant, but for rectal
cancer it can be seen that most improvement has been during the 1970s and
during the 1990s. During the 1990s the median survival time for rectal cancer
decreased while the cure fraction increased. This indicates that the increase
in cure fraction is due to people that used to be in the `uncured' group but
that had good survival are now cured leaving people with worse survival in the
`uncured' group. For prostate cancer the 5-year RSR is 70-80% showing that
most people diagnosed with prostate cancer live a long time with the cancer.
Even so it is not reasonable to assume statistical cure among the prostate
patients since the cumulative relative survival ratio never �attens out and
therefore cure models don't give reasonable results for prostate cancer.

When using cure models it is easy to plot the changes in cure fraction
and survival for the `uncured' by year of diagnosis if year of diagnosis is
included in the model as a continuous variable. Here it is modelled using
restricted cubic splines. This is harder to do if the interest is to analyze
how for example the 5-year RSR changes over time since this is estimated
for every year of diagnosis and this leaves few observations in some years
and the graphs are not very informative since there is too much random
variation. A way of solving this problem is to divide the study period in to
intervals, but then the changes is only seen as jumps between these intervals
and some interesting information may be lost. If instead models as seen in
chapter 2.3.3 are used the year of diagnosis variable can be modelled using
restricted cubic splines as for the cure models. Then graphs can be made
that show the excess hazard ratios compared to a baseline year, but this is
not as easy to interpret as the graphs from cure models, especially not for a
non-statistician.

There are some problems with cure models. One problem is that cure
models don't seem to give a good �t when the survival drops rapidly soon
after diagnosis as is seen for the oldest age group for both colon and rectal
cancer. Methods to overcome this problem have been introduced [2] and
works by �tting one function for the beginning where the mortality is high
and another function for the rest of the follow-up where the mortality is
low. A big problem with cure models, that still has no solution, is that
these models don't work when the survival is too high. Because of this cure
models can not be used for stage-speci�c analyzes since for most cancer sites
the survival today is high for patients with localized cancer. A third problem
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is that there are no good diagnostic tools for testing if the cure models give
a good �t to the data. In this paper the cure models have been compared to
EdererII estimates to see if cure models give a good �t for a simple model and
after that this model has been tested against a more complex model using
likelihood-ratio test. The focus with cure models lies on that the cure fraction
is estimated properly, but that is estimated from where the cumulative RSR
�attens out and at that point there is not as much data as it is in the
beginning of follow-up. All model diagnostics check whether the data �t the
model and since most data is not at the cure point where it is most important
that the model �t, these diagnostics are not as reliable as wanted. For the
analysis in this paper the models used seem very reasonable and the lack of
model diagnostics should not be taken too seriously.

Despite the problems associated with cure models, as long as these mod-
els are used with a critical mind and the results are compared with other
estimates as life table estimates they give very interesting information. Most
important when using cure models is that statistical cure can be assumed.
Even when statistical cure is not reasonable, as for prostate cancer, the Stata
commands used here will give results but these should not be trusted at all.
The bene�ts of using cure models when analyzing trends in cancer survival
is that the cure fraction is not in�uenced by lead-time, that is usually a big
problem in cancer patient survival analysis, and that looking at both the cure
fraction and the survival of the `uncured' can reveal a lot of information that
looking at only one estimate can not. One of the most important reasons
for using cure models is that it gives valuable information to cancer patients.
Since many cancer patients today actually get cured of their cancer, the cure
fraction is a very interesting measure for someone diagnosed with cancer. If
and when the problems with the cure models are solved this will probably
be the way of analyzing time trends in cancer patient survival in the future.
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5 Appendix

A Hakulinen method for expected survival
The expected survival proportion using the Hakulinen method is derived as
follows. Let kj be the number of patients with a potential follow-up time
which extends beyond the beginning of the jth interval. Let the �rst kja of
these kj patients have a potential follow-up time which extends past the end
of the jth interval and the last kjb be potential withdrawals during the jth
interval. It follows that k1 = l1, kj+1 = kja, and kj = kja + kjb. We will use
the notation Kja to refer to the set of kja patients etc. and h to index the
kja patients in the set Kja. The expected number of patients alive and under
observation at the beginning of the jth interval is given by:

l∗j =

{ ∑
h∈Kj 1p

∗
j−1(h) for j ≥ 2

l1 for j = 1
(33)

For the kjb patients with potential follow-up times ending during the jth
interval, it is assumed that each patient is at risk for half of the interval, so
the expected probability of dying during the interval is given by 1 − √

p∗j .
The expected number of patients withdrawing alive during the jth interval
is therefore given by:

w∗
j =

{ ∑
h∈Kjb

1p
∗
j−1(h)

√
p∗j(h) for j ≥ 2

∑
h∈K1b

√
p∗1(h) for j = 1

(34)

The expected number of patients dying during the jth interval, among the
kjb patients with potential follow-up time ending during the same interval is
given by:

δ∗j =

{ ∑
h∈Kjb

1p
∗
j−1(h)[1−

√
p∗j(h)] for j ≥ 2

∑
h∈K1b

[1−
√

p∗1(h)] for j = 1
(35)

and the expected total number of patients dying during the jth interval is
given by:

d∗j =

{ {∑
h∈Kja 1p

∗
j−1(h)[1− p∗j(h)]

}
+ δ∗j for j ≥ 2{∑

h∈K1a
[1− p∗1(h)]

}
+ δ∗1 for j = 1

(36)

The expected interval-speci�c survival proportion is then written as:

g∗j = 1− d∗j/(l
∗
j − w∗

j/2), (37)
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and, �nally, the expected survival proportion from the beginning of follow-up
(usually diagnosis) to the end of the ith interval is obtained by calculating:

1p
∗
i =

i∏
j=1

g∗j . (38)
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B Glossary
Cancer staging is a way of describing how much the cancer has spread.

The stage often takes into account the size of a tumor, how deep it
has penetrated, whether it has invaded adjacent organs, if and how
many lymph nodes it has metastasized to, and whether it has spread
to distant organs. Staging of cancer is important because the stage at
diagnosis is the biggest predictor of survival, and treatments are often
changed based on the stage.

A cohort is a group of subjects, most often humans from a given population,
de�ned by experiencing an event (typically birth) in a particular time
span. A cohort study often tracks a cohort over extended periods of
time and returns to the same sample groups decades later.

Likelihood function is the probability density of getting the data that we
actually observed, as a function of a certain parameter that we are
interested in. In other words, when we say that the likelihood function
peaks at a value of that parameter, we mean that this value of this
parameter is the best �t to the data . The likelihood function allows
us to determine unknown parameters based on known outcomes.

Likelihood ratio tests are statistical tests of the goodness-of-�t between
two models. A relatively more complex model is compared to a simpler
model to see if it �ts a particular dataset signi�cantly better. If so,
the additional parameters of the more complex model are often used in
subsequent analyses. The LRT is only valid if used to compare hierar-
chically nested models. That is, the more complex model must di�er
from the simple model only by the addition of one or more parameters.
Adding additional parameters will always result in a higher likelihood
score. However, there comes a point when adding additional param-
eters is no longer justi�ed in terms of signi�cant improvement in �t
of a model to a particular dataset. The LRT provides one objective
criterion for selecting among possible models.

The link function provides the relationship between the linear predictor
and the distribution function (through its mean).

Restricted cubic splines are used with regression methods to model non-
linear relationships between a response variable and a continuous co-
variate. A RCS with k knots is linear before the �rst and after the last
knot, is a cubic polynomial between adjacent knots, and is continuous
and smooth.
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